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Abstract: Unmanned Aerial Vehicles (UAVs) are an alternative to costly and time-consuming
traditional methods to improve agricultural water management and crop productivity through
the acquisition, processing, and analyses of high-resolution spatial and temporal crop data at
field scale. UAVs mounted with multispectral and thermal cameras facilitate the monitoring of
crops throughout the crop growing cycle, allowing for timely detection and intervention in case
of any anomalies. The use of UAVs in smallholder agriculture is poised to ensure food security at
household level and improve agricultural water management in developing countries. This review
synthesises the use of UAVs in smallholder agriculture in the smallholder agriculture sector in
developing countries. The review highlights the role of UAV derived normalised difference vegetation
index (NDVI) in assessing crop health, evapotranspiration, water stress and disaster risk reduction.
The focus is to provide more accurate statistics on irrigated areas, crop water requirements and to
improve water productivity and crop yield. UAVs facilitate access to agro-meteorological information
at field scale and in near real-time, important information for irrigation scheduling and other
on-field decision-making. The technology improves smallholder agriculture by facilitating access
to information on crop biophysical parameters in near real-time for improved preparedness and
operational decision-making. Coupled with accurate meteorological data, the technology allows for
precise estimations of crop water requirements and crop evapotranspiration at high spatial resolution.
Timely access to crop health information helps inform operational decisions at the farm level, and thus,
enhancing rural livelihoods and wellbeing.
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1. Introduction
Although agricultural production has increased substantially in recent years, the demand for
agricultural products has also risen significantly, with estimates of aggregate agricultural consumption
expected to increase by 69% by 2050 [1]. The increase in demand for food, fibre and feed is mostly
fuelled by a surge in global population, which is estimated to reach 9 billion by 2050 [2]. The need
to feed a growing population has resulted in the intensification and extensification of agricultural
land, consequently resulting in agriculture consuming about 70% of the available freshwater resources
worldwide [3]. One of the urgent challenges currently facing sub-Saharan Africa (SSA) is to increase
crop yields and at the same time reduce the amount of water used in crop production, that is,
‘more crops per drop’ [4]. This is urgent particularly in smallholder farming, which experiences
marginal production due to a range of biophysical and management related factors [5]. In most
arid and semi-arid regions water is a scarce resource needing improved crop water productivity [6].
Improved agricultural water management requires innovative and evidence-based solutions applied
throughout the whole agriculture value chain [7,8]. The use of Unmanned Aerial Vehicles (UAVs),
also known as drones, offers advanced crop image data analytics at high spatial and temporal resolution
and crop monitoring in near real-time, important elements in agricultural water management [9].
Unmanned Aerial Vehicles are remotely controlled aircrafts mounted with Global Positioning
System (GPS) and specialised thermal and multispectral sensors to collect geo-referenced and
high-resolution images without cloud interference [10]. Their use at field or farm scale allows access
to real-time agro-meteorological information and crop monitoring at different stages throughout the
cropping cycle. The use of UAVs in smallholder agriculture, particularly in regions facing water
scarcity, could prove worthwhile as they provide useful information for informing operational decision
at the farm level [11], thus, helping to mitigate the risk of crop failure and low yields. Real-time
monitoring of crops at field scale, which facilitates timely intervention throughout the growing
cycle, results in improved crop and water productivity. Systematic crop health monitoring and the
availability of agro-meteorological information in real-time, enables smallholder farmers to make
informed, tactical and operational decisions, such as when to plant and irrigate as well as when and
where to apply nutrients and chemicals, among other important decisions [12]. The opportunities
offered by UAVs, brings climate-smart agriculture (CSA) and precision agriculture to smallholder
farmers [13].
Sequential monitoring of crops allows farmers to detect subtle changes that are not easily
identified by the human eye [14]. For example, multispectral drone imagery can be used to assess
crop health through indices such as NDVI (Normalized Difference Vegetation Index), or NDRE
(Normalised Vegetation Red Edge). NDVI, in particular, enables an analysis of the intensity of
solar radiation absorption in specific bands, and therefore the health condition of the monitored
crops [15]. Traditionally, NDVI has been derived from imageries obtained from space-borne satellite
sensors such us Landsat, Pour l’Observation de la Terre (SPOT) and the Moderate Resolution Imaging
Spectroradiometer (MODIS), but the temporal and spatial resolutions of the resulting products are
generally too low to provide accurate crop monitoring at field level, especially at the scale suitable
for informing smallholder farmers. Unmanned Aerial Vehicles offer NDVI analysis of crops at 0.05 to
1 metre resolution, suitable for monitoring the condition of individual plants with optimal accuracy,
and at a scale that fits the farm sizes of smallholder farmers. The multispectral camera captures RGB,
NIR NDVI, and NDRE indices, offering spectral capabilities that make UAVs to be important and
suitable for monitoring crop health and density, water stress and weed detection [16]. When mounted
with a thermal camera, UAVs are effective for measuring evapotranspiration (ET) and water stress [17].
Accurate and detailed geospatial drone data is also useful in disaster situations, where crop
damage occurs due to extreme weather events, as they precisely estimate the level of crop loss by
comparing the pre-disaster and post-disaster imagery [18]. The pre- and post-disaster information is
important for insurance companies as they move towards insuring smallholder farmers against extreme
weather events [19]. Drones can provide evidence on the state of damage through the development of
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an index-based crop insurance, thereby reducing risk and vulnerability while contributing towards
achieving the 2030 Global Agenda on Sustainable Development [20].
Satellite and UAV imagery serve the same purpose but differ significantly in spatial and temporal
resolution. The choice of the two is determined by the scale and accuracy the user requires to
achieve [9,21]. The advantage of UAVs over space-borne sensors is that UAVs offer low cost imaging at
high spatial resolution and at user determined revisit periods [22]. Thus, UAVs are appropriate for
assessing rapid changes in crop phenology, stress assessment and crop health in near real-time [23].
However, the use of UAVs could prove costly and challenging for smallholder farmers due to lack of
resources to own and maintain UAVs, and the know-how and capacity to operate, collect, process,
and interpret remotely acquired data. However, collective, or communal ownership and the use of
extension services could be an effective alternative to reach smallholder farmers with the technology at
low cost.
The high spatial resolution offered by UAVs at low altitudes allows plant analyses and detection
of anomalies unlike satellite images taken at high altitudes. Although there are also high-resolution
satellites like QuickBird, RapidEye, WorldView and IKONOS, as well as hyperspectral and Light
Detection and Ranging (LiDAR) remote sensing, these are very expensive and generally time consuming
in terms of processing [24]. The high altitudes and low temporal resolution of space-borne sensors
make them only suitable over large areas where changes occur slowly [25], significantly limiting their
use at field level. Although the high level of spectral detail in hyperspectral images provides better
capabilities to detect crop anomalies, they are very complex due to the high number of bands [26].
Although LiDAR imaging could offer similar services as drones, it samples positions without RGB,
and thus only creates monochromatic datasets, which could be difficult to interpret [27]. Furthermore,
high altitude sensors tend to be susceptible to atmospheric energy attenuation and impurities.
Meanwhile, UAVs can acquire images even during cloudy days at short flight preparation times
which has not been possible previously [28]. Drones are reducing the cost of remote sensing as new
and affordable models are being introduced [29]. This review discusses the importance of UAVs
in agricultural water management and crop health as an alternative to improve productivity with
particular focus on smallholder agriculture. Within the context of this study, we defined smallholder
farmers as farmers cultivating plots that measure about two hectares in area or below, and generally
grow crops for household consumption, and thus are important for household food security [5].
2. Methods
Methodological Framework
Figure 1 is a graphical representation of the methodological framework developed to explore
the importance of UAVs in enhancing agricultural water management, with a focus on smallholder
agriculture. The increasing frequency and intensity in drought recurrence, as well as rising temperatures
that results in increased ET are worsening water scarcity challenges in many regions [11,30]. In turn,
water scarcity results in increased aridity and shifts in agro-ecological zones and thus, affecting crop
yields [31]. The challenge of depleting water resources requires innovative technologies to improve
water use efficiency and enhance crop productivity under water-limited conditions without increasing
pressure on already strained water resources.
We identified five thematic areas where UAVs can improve agricultural water management and
productivity, these include (i) mapping more accurate agricultural fields (ii) assessing crop stress and
health, (iii) crop yield modelling, (iv) modelling (ET), and (v) estimating crop water productivity
(Figure 1). The aim is to enhance agriculture and water productivity through UAVs in comparison to
current remote sensing products and methods. We provide detailed information and procedures of
how UAVs can improve agriculture and water productivity and improve food, nutritional and water
security in the advent of climate change.
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This study offers detailed and practical insights, from multidisciplinary perspectives, on how
UAVs enhance agricultur l productivity and water manage ent among smallholder farmers and
improv rural livelihoods through enhancing adaptation c pacity and building resilience. A detaile
comparison between space-borne sensors and UAV se sed products is provided, focusing on how
UAVs can improv the curacy of remotely sensed products at field level. The study illustrates
how everal UAV applications could be deployed to promote precision farming and c imate change
adaptation among of en-poor smallholder farmers. This group of farmers is chara terised by low
ccess o cli ate information and services s well as technologies that enhance productivit and
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3. Results
3.1. Mapping Agriculture Fields Using UAVs
Accurate eospatial information on agriculture is a critical requirement for planning and
decision-making, particularly when intending to increase and improve smallholder irrigated
agriculture [32,33]. Most of the freely available space-borne satellite images have been used to
produce coarse landuse/cover maps but, the advent of UAVs has improved mapping accuracy because
of their high resolution, although at a smaller coverage [34]. The use of UAVs in mapping landuse
makes it potentially possible to monitor smallholder farming fields, which are generally too small to be
detected by readily available moderate to low resolution satellite images [9]. Smallholder farming
plots measure about two hectares in area per farmer [35].
Smallholder farming areas are generally detected as one massive agriculture land (Figure 2b)
by low to moderate resolution satellite, yet their mapping accuracy is important as, for example
in southern Africa, they occupy about 80% of the cultivated land, contributing about 90%
of the agricultural produce [36]. Therefore, mapping accurate and detailed agricultural fields
is important for policy and decision making especially for addressing climate resilience of
agricultural livelihoods. High resolution satellite images that could offer the same accuracy as
UAV are costly, which limits their use [37]. Unlike space-borne satellite, UAVs are not limited by cloud
cover because the temporal resolution (acquisition time) is user-defined and can be adjusted to local
weather conditions [21]. UAVs can be deployed repeatedly at flexible mission times and altitudes to
acquire agricultural data. Images acquired by UAVs offer observation of single plants, patches and
ultimately patterns over the fields, something that is not possible with space-borne satellite images [38].
These advantages, coupled with ultra-high spatial resolutions, make UAVs best suited for mapping
crops planted in narrow rows at optimal accuracies. The main limiting factor of UAV imagery as
compared to satellite imagery is their small coverage per image.
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As the resoluti n of UAVs can be as high as 0.05 metre depending on the flight altitude, they are
appropriate for accurately mapping small agricultural fields. Figure 2 compares the accuracy of irrigated
area maps derived from UAV image (Figure 2a) and satellite imagery (Figure 2b). The cultivated land is
predominantly a centre pivot irrigated area (Figure 2a) (derive UAV imagery), yet Figure 2b resembles
the whole scheme area as cultivated. The irrigated area calculated fr m UAV map is ,647 ha,
which is 17,000 ha less than the area calculated from the satellite map which is 57 803 ha. Thus,
satellite images tend to overestimate cultivated areas. Although accuracy may improve with
high-resolution space-borne sensors, there is always an overestimation especially at field scale.
Overestimating irrig d a as has the disadvantage of misinforming policy and decision-making.
Accurate estimates are important for understanding ecological footprint of food production and
assessing the potential of irrigation development with limited land and water resources.
The accuracy of UAVs in mapping agricultural fields is supported by previous studies. For instance,
a study done in Córdoba and Seville in Spain, illustrated the accuracy and capability of UAVs remotely
sensed data in characterising weeds between and within rows of sunflower and cotton crops across the
growing season [39]. In a related study, de Castro et al. illustrated the utility of UVAs in discriminating
Cynodon dactylon grassweeds in the vineyards of Lleida in Spain [40]. These studies discriminated the
weeds from crops with overall classification accuracy ranging between 71–80%.
3.2. Assessing Crop Water Stress and Health Using UAV Derived Indices
Water Stress Indices (WSI) are useful crop parameters for mitigating drought impacts, as well
as for irrigation scheduling. Remote sensing provides various products that are used to acquire
ecological information from the interpretation and analysis of thermal, multispectral, and hyperspectral
image bands. Reflectance of the electromagnetic radiation (EMR) on plants or vegetation differs
depending on chlorophyll content, type of plant, sugar content and water content within the plant
tissues [41]. Precise interpretation of spectral reflectance through high-resolution UAV images can reveal
water and nutrient deficiencies, as well as information on plant health. During the growing process,
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a plant requires water, carbon dioxide and light for photosynthesis to occur, thereby producing sugar
and oxygen [42]. Besides these requirements, plants also need nutrients for plant cell and tissue
development [42]. Lack of these components leads to plant stress and the symptoms are mainly
observed through the defoliation of older leaves and decrease in biomass. Modern agricultural UAV
platforms can be mounted with both multispectral and thermal cameras to simultaneously acquire
information on both crop health and water stress at high resolution.
One indicator for a healthy plant is the chlorophyll content in the leaves [43]. Chlorophyll absorbs
the visible light and reflects Near Infrared (NIR). Healthy plants with good photosynthetic activities can
be analysed by comparing the reflectance of NIR and visible light [42,44]. These plant characteristics
are assessed through vegetation indices, which are mathematical transformation of image bands that
are used to extract certain spectral properties qualitatively and quantitatively such as vegetation cover,
vigour, and growth dynamics [44]. These vegetation indices are tailor made to specific application and
each of them has its own advantage. Thus, vegetation indices can be used to enhance the classification
and assessment algorithms for plant health [45]. Vegetation indices also provide information on
plant growth as healthy plants absorb more visible-light and reflects more near-infrared (NIR) [46].
There are many vegetation indices that use NIR and Red bands and these are: Normalised Difference
Vegetation Index (NDVI), Soil Adjusted Vegetation Index (SAVI), Ashburn Vegetation Index (AVI),
Enhanced Vegetation Index (EVI), among others [44]. The commonly used vegetation index is the
NDVI (Equation (1)), which is directly used to monitor and characterise canopy growth and plant





where NIR is the Near Infrared band and Red is the red band.
The NDVI is important for providing information on the variability of the health of crops,
as well as in large-scale monitoring of plantations, assess changes in the field, quantifying crop acreage
and analyse crop loss [48]. It is also used to estimate plant attributes such as physiological status,
yield production, crop distribution and irrigation mapping [9,49,50]. Another modification of the NDVI
used to assess changes in plant health is the SAVI (Soil Adjusted Vegetation Index) (Equation (2)) [51].
SAVI takes into consideration the variations in soil properties. SAVI tends to minimize soil brightness
and therefore, it introduces the soil calibration factor in the NDVI Equation (1) to account for the first
order soil-vegetation optical interactions. SAVI is defined as [52]:
SAVI =
( NIR−Red
NIR + Red + L
)
× (1 + L) (2)
where L is a constant that is a surrogate for the leaf area index (LAI) [53].
The crop water stress index (CWSI) is another index for assessing the level of stress in a plant and
by using the temperature extracted from the thermal band, as there is a correlation between CWSI
and transpiration rate and soil water moisture [54,55]. High resolution UAV derived NDVI can be
combined with other indices such as the CWSI and the Canopy-Chlorophyll Content Index (CCCI)
to accurately delineate agricultural fields and monitor crop health [56].
An analysis of crop water deficit or water stress monitoring at field level using high-resolution
UAVs indices is the basis for an effective irrigation scheduling [57]. The CWSI identifies water stress in
crops within 24–48 h prior to stress detection by visual observation [57]. In most cases, the accuracy
of space-borne based remote sensing water stress techniques have been hampered by their low
spatio-temporal resolution, yet the advent of thermal and multispectral UAVs have transformed and
enhanced the accuracy of crop water stress estimates due to their high resolution [58]. For example,
a study done in China successfully mapped the water stress status of maize at farm level to inform
precision irrigation as a substitute to CWSI modelling [59].
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3.3. Estimating Crop Yield through UAVs
The use of high-resolution satellite images to assess crop vigour and yield has generally been
limited by high costs, particularly of hyperspectral images [60]. Other limitations of space-borne
acquired images in crop yield estimation include cloud noise on the images, and the complex and
heterogeneous nature of farming systems in smallholder farming areas, which are difficult to detect
with low resolution images. The advent of UAVs has bridged the gap between space-borne satellites
and the use of remotely sensed products in smallholder farmlands on one hand, and the high cost,
labour intensive, and time-consuming conventional field surveys of crops on the other hand [10]. Thus,
the availability of low-cost UAVs has opened new possibilities to remotely sense crop status and yields
even on complex smallholder farms with improved accuracy.
High resolution multi-temporal UAV images have transformed the monitoring of crop
development, which provides crucial planning information to farmers. High resolution UAV images
provide more accurate information on crop biomass, yield, and cropped area with acceptable accuracy
for farmers and decision makers to effectively manage and monitor crops for optimum benefits [61,62]
to farmers. Thus, UAV sensed images provide more accurate information on crop biomass, yield and
cropped area to farmers and decision makers to manage and monitor crops for optimum benefit [61].
Studies have shown that there is a high correlation between vegetation spectral index extracted from
satellite images and the green biomass and yield [63,64]. Therefore, combining vegetation spectral
indices and the green biomass is important for estimating yield before harvesting. Crop yield is defined
as crop production per unit area and it is a product of the complex interaction between soil conditions
(physical and chemical conditions), management (cultivar and spacing), and the meteorological
conditions (water and thermal) [4]. Crop yield estimation enhances preparedness, as it is part of early
warning, providing decision makers with timely information on crop deficit or surplus [11].
High-resolution remotely sensed data has become an alternative source of information needed to
estimate crop yield to traditional methods, as it is more accurate, cost and time effective. Traditional
methods are generally costly, time consuming and are prone to errors, which often results in poor
crop yield assessment [65]. The three remote sensing methods for estimating crop yield include those
(i) based on empirical statistical models, (ii) based on water consumption balance models, and (iii)
based on biomass estimation models [66,67]. UAVs provide more accurate information on crop height
and biomass timeously and at user-defined temporal resolution. Crop height and biomass are important
components for assessing growth rate and health of crops [68,69]. Plant height and biomass data are
important components for assessing the effect of genetic variation in the crops, crop development and
yield potential [70]. The two components are essential for optimising site-specific crop management
and yield predictions [61].
The most used model for estimating crop yield is the Monteith equation (Equation (3)), which uses
the accumulation of biomass as a proportion of accumulated absorbed photo-synthetically active




where, CY is the crop yield, which is the accumulated biomass (kg/m2) in period t, ε in g M/J is the
light use efficiency and t is the period over which accumulation takes place, and APAR is the absorbed
photosynthetically active radiation.
Variability in light use efficiency (ε) in plants is caused by varying nutrient and water levels [72].
Studies show that when crops are not water stressed and temperature is optimal, ε is a relatively
constant property of plants [73–75]. UAVs mounted with multispectral sensors produce more accurate
and reliable biomass and light use efficiency indices for estimating crop yields. UAVs are currently
being applied in China to estimate rice yields [76].
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3.4. Modelling Crop Evapotranspiration (ET) Using UAVs
Crop ET or crop water-use is the largest water loss from agriculture and its accurate quantification
is critical for improved agricultural water management, irrigation scheduling and knowledge of
crop water requirements [77]. Estimating ET has become a topical research topic in recent years
due to the challenges of water scarcity and climate change. Evapotranspiration has historically been
estimated using various field techniques such as the soil water balance, weighing lysimetry, Bowen ratio,
eddy covariance and surface renewal. Most of these techniques rely on theoretical derivations and major
assumptions [78]. In addition, they represent a point measurement and require footprint estimates to
determine the surface area that the measurement represents [78]. Scintillometry has recently overcome
the difficulties to some extent by estimating ET over wider, heterogeneous landscapes, but still relies on
the other components of the energy balance, which are difficult to measure directly, in heterogeneous
landscapes [79].
With the advent of satellite sensors and multispectral imagery of the earth’s surface, remote sensing
has evolved as a technique that allows ET to be measured more efficiently and economically on a large
spatial scale or field scale using the shortened energy balance equation [80,81]. A number of models
have been developed that include the Surface Energy Balance Index (SEBI), the Surface Energy Balance
Algorithm for Land (SEBAL), the Mapping Evapotranspiration at high Resolution with Internalized
Calibration (METRIC) and Surface Energy Balance System (SEBS). These models vary in their specific
methodologies, but generally use the visible, red, and infrared bands of the earth surface reflectance
together with terrain and vegetation properties to determine ET, which is extrapolated between
consecutive satellite overpasses using representative meteorological data.
SEBI relies on the difference between the dry and wet limits that are used to derive pixel-by-pixel
ET from the relative evaporative fraction [82]. SEBAL uses visible, near-infrared, and thermal-infrared
reflectance to determine the instantaneous fluxes of the shortened energy balance equation [83].
The SEBS model estimates the atmospheric turbulent fluxes and evaporative fraction by using remote
sensing products and observed data [84]. The SEBS model requires the following as input data;
land surface albedo, emissivity, temperature, fractional vegetation coverage, leaf area index and the
height of the vegetation cover, air pressure, temperature, relative humidity and wind speed at a
reference height [84]. It also requires longwave and shortwave downward radiation as input data.
The METRIC algorithm is a successor of the SEBAL model, but with slope and aspect influences
included [85,86]. The algorithm uses weather data (air temperature, wind speed, solar radiation,
and relative humidity) and satellite radiance data at various bands as inputs for this model.
Previous studies have shown that the METRIC algorithm (Equation (4)) produces more accurate results
than any other ET model [87–89]. The algorithm is calculated as residual energy of the surface energy
balance equation expressed as [86]:
LE = Rn−G−H (4)
where, LE is latent energy flux density consumed by ET, Rn is net radiation, G is soil heat flux density
and H is sensible heat flux density (energy interaction with heating or cooling of air (all units are
in W/m2)).
Initially, the METRIC model was developed using Landsat satellite imageries, but the advent
of high-resolution UAV imagery, there exists the potential to further improved accuracy of ET
estimation [90]. The METRIC-UAV approach uses the thermal band, which is sensed directly from
the UAV’s multispectral camera. The thermal band is used to calculate surface energy balance,
and the thermal information is used to estimate sensible heat flux density (H), soil heat flux density (G),
and net radiation (Rn). Rn uses surface temperature to estimate longwave thermal emission by the
surface. The approach is similar to the METRIC model developed by Allen et al. [86] but using high
resolution multispectral UAV imagery.
High-resolution UAVs equipped with both multispectral and thermal sensors are best positioned
for estimating more accurate ET as they can capture both images at the same time [17,90]. Many of the
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problems associated with satellite data used for ET models such as coarse resolution, fixed satellite
overpass times and cloud cover, are addressed with the use of UAVs. ET changes rapidly according to
microclimatic variables and soil water availability. The benefit of being able to determine ET at variables,
or when required, intervals, using UAVs is a significant benefit over satellites and there is potential for
UAV’s to become useful tools in monitoring crop water-use as studies have shown [59,90,91].
3.5. Use of UAVs in Estimating Crop Water Productivity
The use of UAVs is showing its worth by providing previously unavailable spatially explicit
information required to understand and improve crop and water productivity. Improvements in
agricultural water management and, particularly crop water productivity allows the agricultural
sector to share water equitably with other competing sectors. Water productivity (WP) (Equation (5))
is a quantitative term which refers to the relationship between the volume of water utilised in crop
production and the amount of crop produced expressed kg/m3 [92,93]. Thus, crop WP is a measure of





where, the agricultural benefit is the actual harvested yield, the WP is expressed in units of mass
like kilograms (kg/m3), or monetary value (income) of that yield expressed in dollars (US$/m3)
or nutritional value (kcal/m3).
Water consumed (the denominator of Equation (5)) refers to water that is directly consumed
by crops [95]. WP is critical in understanding food and water relations while offering a footstool
for the assessment of water use efficiency and water footprint integrated in global food trade [93].
Thus, WP can efficiently be determined through accurate measurements of crop evapotranspiration
(ETc). There are other methods used to estimate WP such as the quantity of water supplied to a field,
but all water supplied to a field is not consumed by crops in its entirety as part of it will always find its
way to the drainage system or is evaporated [8]. Water that is directly consumed by crops is efficiently
measured through actual or crop ET (ETc) [8]. As already alluded to, ET is a better measure of water
that is consumed by crops and is measured through ETc. Crop ET is the consumption of water through
ET, which is incorporated into a product and cannot be readily reused [96].
The high-resolution images from UAVs are vital in mapping accurate agricultural fields (Figure 2).
The exclusion of other landuses provides accurate estimates of ETc. UAVs could provide an adequate
spatial and temporal detail for estimating ET, ultimately offering a plausible understanding of WP [97].
The Land Surface Heat Flux model, together with UAV measured land surface temperature (LST)
at high resolution are used to estimate ET. A UAV mounted with a thermal camera is flown on a field
of heat fluxes and hydrology by concatenating thermal images into mosaics of LST, which are an input
for the Two-Source Energy Balance (TSEB) modelling scheme, and used to partition the fluxes into soil
and canopy (soil evaporation and canopy transpiration) [98].
Thus, UAV images can be used to build high spatial resolution ET maps of up to 1 m. More accurate
ETc are derived from ET maps developed using data acquired by UAVs at field scale. The results
of UAV derived ET are then compared with measured ET to assess the accuracy of the modelled
ET. Existing ET datasets have presented challenges when estimating crop ET, because of their low
resolution as compared to small agricultural fields. For example, the ET data derived from the Global
Land Evaporation Amsterdam Model (GLEAM) has a spatial resolution of 25 km, while those derived
from MODIS 16 and Satellite Application Facility on Land Surface Analysis (LSA-SAF) at a spatial
resolution of 1 km are too coarse for characterising ETc and WP in smallholder plots of about two
hectares in area [35]. Although there are improvements and promises with the Water Productivity
Open-access Portal (WaPOR) dataset, the product currently has uses three resolutions (250 m, 100 m
and 30 m) depending with the region [99]. Also, studies have shown that most of these ET datasets
tend to either overestimate or underestimate ET [100,101].
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3.6. Other Uses of UAVs in Agriculture
One other importance of UAV technology in agriculture is its use in disaster and risk reduction
assessments. Twenty-two percent of economic damage caused by natural disasters occur in the
agricultural sector, often resulting in yield reductions of about 20–40% every year [102]. Most of the
disasters that affect agriculture are climate induced, and these include hailstorms, fires that are caused
by heatwaves, cyclonic floods, and winds, as well as droughts. The impact of these disasters can be
reduced by systematically applying disaster risk reduction practices [103]. For example, UAVs could
play an important role of assessing pre-disaster conditions, immediate impacts after the occurrence of
a disaster and post-disaster analysis. Coupled with satellite images, which do not depend on ground
infrastructure, UAVs can be used to develop index-based weather insurance that targets smallholder
farmers [104].
The Food and Agriculture Organisation (FAO) has used drones in The Philippines as part of
the efforts to reduce the impacts of drought and flooding [24]. UAVs mounted with multispectral
cameras can relay information related to upland agricultural risks such as landslides and erosion
and informs agricultural communities on the risks and reduce the impacts. As already alluded to,
remotely sensed data from drones is important in estimating crop yield to provide precise warning on
the food situation [105]. Such information provides enough lead-time to decision-makers to prepare.
4. Discussion
4.1. UAV Image Processing and Interpretation
Most agricultural UAVs come with software to process and interpret drone images, besides the
existing remote sensing software packages used in image calibration, processing, and interpretation.
Existing remote sensing packages can be used to align multispectral UAV images to match bands into
a single readable file [28]. In cases where the study area is large and a sequence of images need to be
collected in each flight mission to cover the whole study area, image orthorectification and mosaicking
is achieved by using the rational polynomial coefficients (RPCs) or image geometric correction tools
that come with image processing software [106].
4.2. Cost-Benefit Analyses for Using UAV vs. Traditional Satellite Images
The main difference between space-borne and UAV data is in the spatio-temporal resolution,
which determine the accuracy of products derived from them. Space-borne images are generally
characterised by a coarse ground sampling distance and a low ground resolved distance which make
them less accurate to characterise phenomenon on the landscape when compared to the ultra-fine spatial
resolution data from UAV platforms [107]. Although Worldview and GeoEye, images could equally
provide high-resolution data, the acquisition of visible and analysable scenes may be less frequent
and highly affected by cloud cover, characteristics that limit them to assess specific plant phenological
phases due to fixed–time of acquisitions [108]. Meanwhile, UAVs offer user-defined temporal resolution
at low operational costs [109]. The hyper spatial resolution (of up to a centimetre) provided by UAVs
facilitates a comprehensive characterisation of the spatial heterogeneity of agricultural landscapes at a
field-level. The WorldView 3, a space-borne satellite which can offer the closest accuracy has a spatial
resolution of 30 cm and is very costly [109]. However, the short flight endurance and limited payload
of UAVs remain the most glaring weakness for their application in the context of agriculture [109].
UAVs have been gradually improving in terms of their sensor technologies alongside the
improvement of space borne sensors. They can now carry both active and passive multiple sensors
across the electromagnetic spectrum to derive data that could be used to calibrate and validate satellite
products. They have become useful field instruments, particularly in areas that are inaccessible [107].
Whereas space-borne data sensors are highly susceptible to atmospheric impurities and weather
conditions because they are suspended at higher altitudes which tends to affect the quality of the signal
to be detected, UAVs are user-defined and can be adjusted to avoid bad weather conditions. Generally,
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the space borne sensors measure the top of the atmosphere reflectance which requires to be calibrated
into surface reflectance whereas the UAVs measure surface reflectance due to their low-altitude flights.
For farm level synoptic monitoring capabilities and applications, UAVs are the most suitable platform
whereas the space borne platforms will be sufficient and suitable for landscapes applications [10].
The choice to use either space-borne or UAV data depends on objectives, scale, and accuracy the
user needs and available financial resources. High resolution satellite images are costly, while the cost
of UAV images is increasingly getting low [22]. However, the main disadvantage of UAV images is
their low coverage. However, further research is required to explore the advantages of fusing UAV and
satellite images, although recent studies indicate that both platforms can complement each other [110].
Based on the value of UAVs in transforming smallholder agriculture, the following points are
highlighted:
 As individual ownership of UAVs by smallholder farmers as well as the required software for
pre-processing the data could be beyond the reach of many because of limited financial resources,
communal ownership could be an option particularly for irrigation schemes. The operation of
the UAVs can be done through extension officers who could be trained to operate the UAVs,
pre-process, analyse the data and pass on the information to the smallholder farmers. Within the
context of Africa, the use of drones provides a unique opportunity to involve youth in agriculture
as drone pilots and to also process the data and provide a service to the farmers.
 In most cases, agricultural UAVs come equipped with the relevant image processing software,
which receives support and updates from the manufacturing companies. This is one important
advantage of UAVs over spaceborne remote sensing as the cost of image processing software is
included at purchase of the hardware. Spaceborne remote sensing requires image processing
software which is acquired separately and from different vendors who are not the manufacturers.
 Data storage for both spaceborne and UAV data has been made easier in recent years by the advent
of high-end computer systems, cloud data storage and improved internet connectivity [111].
Cloud-based platforms facilitate the interaction with the drone data between many users at the
same time to be able to manipulate or acquire information at the same time. These cloud-based
data storage platforms continue to become more affordable [111].
 The availability of thermal and multispectral UAVs images obtained at the same time is enhancing
the development of more accurate ET datasets. Existing satellite derived ET datasets are generally
coarse resolutions, which makes them unsuitable at field scale.
 The use of thermal and multispectral UAVs revolutionising smallholder agriculture by tackling
agricultural challenges and other tasks collectively, thereby bringing precision agriculture to
previously disadvantaged farming households.
 With limited land for agricultural expansion and water resources, UAVs can turn smallholder
farms that currently lack technology into smart farmlands by inspecting crops and generating
data within a short space of time and at low costs, and surveying fields in near real-time to
enable precise application of inputs and irrigation scheduling [112]. Three niche areas for UAVs
applications that allow converting farms into small, but effective smart enterprises include:
scouting for problems, monitoring to prevent yield losses, and planning crop management
operations [113].
 The impact of extreme weather events on smallholder agriculture demands urgent insurance
mechanisms to enhance the resilience to climate change. The high accuracy of UAV images and
user defined temporal resolution suit them for developing precise index-based crop insurance for
the benefit of both smallholder farmers and insurers.
5. Conclusions
Unmanned aerial vehicles are fast becoming key components of agricultural research and industry
by being an important source of information of previously unavailable agro-meteorological data at
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field scale. They offer opportunities for mainstreaming climate-smart and precision agriculture into
smallholder farming through improved crop health monitoring and agricultural water management
as they are a source of high-resolution images acquired at user defined temporal resolution at low
altitudes, sufficient to effectively monitor crops in near real-time. To date, their use in smallholder
farming has been limited by lack of resources and skills to acquire and operate UAVs; the perception
that they are expensive has failed to consider the benefits that would be unlocked through their use in
smallholder agriculture. While noting the high costs of ownership, our review recommends communal
ownership of UAVs by smallholder farmers to reduce operational costs, as they have the potential
to improve agriculture and water productivity. Specifically, we recommend that drones be targeted
as an opportunity to increase youth participation in agriculture, which is a priority of most African
countries. The application of UAVs in smallholder agriculture would advance the importance of remote
sensing in previously disadvantaged smallholder farmers, not only by providing high resolution
images at user defined temporal resolution, but also by automating data collection, processing and
analysis at low cost. This improves mapping accuracy, stress classification, irrigation scheduling and
yield prediction for small croplands. UAV remote sensing can transform smallholder agriculture by
improving the mapping of small croplands, assessing crop water nutrient deficiencies, improving crop
water productivity and crop yield estimation as well as improving crop evapotranspiration estimation
with high accuracy. Applications of UAVs in smallholder agricultural farming could significantly
improve input efficiency, environmental sustainability, nutrition of farmers, as well as farm income
and livelihoods. Although UAVs have a disadvantage of low coverage, this could turn out to be
an important attribute for smallholder farmers as they can monitor the state of individual crops in
real-time and act before the damage can spread, which is an effective way to maximise crop yield
and quality. Water stress indices are not only important for irrigation scheduling, but they are also
important for drought assessment and mitigation. As a result, water stress indices (CWSI and WDI)
provide a better option for agricultural water management and climate change adaptation. UAVs can
improve farming practices of smallholder farmers and, hence in the long-term, could contribute to
climate change adaptation and building resilience.
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